Abstract. In this paper, new data are generated from existing gas data and a method of gas analysis based on machine learning based oil-filled transformer is proposed to solve the problems based on the IEC 60599 diagnostic criteria and to improve the diagnostic performance. It is difficult to acquire a large amount of data at one time and it is difficult to measure the performance with existing data. In IEC 60599, if diagnosis criteria do not exist or it is on the duplication area, it is difficult to make a decision without any expert's analysis. In the proposed data generation method, new data is generated for each class from existing gas data and combined with existing data. The proposed method based on a machine learning based dissolved gas analysis of a power transformer using support vector machines addresses the issue inherent in IEC 60599 diagnosis criteria. To validate performance of the proposed method, the effectiveness of the machine learning based oil-filled transformer gas analysis method using newly generated gas data was verified. As a result, compared with the existing IEC diagnostic reference method, applying the machine learning based method using the generated data showed higher classification performance.
Introduction
When the oil-filled transformer is used for a long time, the temperature, the insulating paper and the insulating oil deteriorate due to an increase in moisture, combustion gas, and solid impurity contained in the insulating oil or insulating material of the transformer. If the transformer fails, heat will be generated. And the insulating material in contact with this heat is decomposed to various kinds of gases. Therefore, analyze the oil gas by collecting insulating oil from the oil transformer, internal abnormality and its degree can be estimated [1, 2] .
In this paper, we propose a DGA (Dissolved Gas Analysis) based on machine learning. And we propose a method to learn and classify data through recognizing data that cannot be judged by the diagnostic criteria and machine learning. Also, we propose a new DGA using existing DGA and propose a method to generate new data according to IEC 60599 standard. We compared with the diagnostic performance of the existing IEC 60599 diagnostic criteria and verified the superiority of the proposed method.
Problems of Existing Method
It is difficult to acquire a large amount of data at one time and it is difficult to measure the performance with existing data. In IEC 60599, if diagnosis criteria do not exist or it is on the duplication area, it is difficult to make a decision without any expert analysis as shown in Figure 1 .
IEC diagnosis method has limitations in precise cause analysis because there are overlapping area of diagnosis area [3, 4, 5, 6] .
In Figure 1 , A is the case where the data does not exist anywhere in the IEC diagnostic criteria. B is the case where the data is in the boundary condition of the diagnostic criteria. C is the case where the data overlap the diagnosis area. 
Dissolved Gas Data Generate Method

Data Generate Method
Dissolved gas data is generated from the existing obtained dissolved gas data. 2/3 of the existing obtained dissolved gas data is used as training data and 1/3 is used as test data. Data is generated only for the training data and the test data used existing acquired data. In Figure 2 , The data generation procedure is shown. As in Figure 2 , from the training data of Duval acquired in the past, the number of data to be generated according to IEC 60599 criteria for each class is selected. The data generation procedure consists of the following four steps.
Step 1: 2/3 of the existing Duval data is used as training data and 1/3 is used as input data. 2/3 of training data are classified into classes according to IEC criteria. Classes according to IEC criteria are classified as D1, D2, T1, T2 and T3.
Step 2: We extract C2H2/C2H4, CH4/H2 and C2H4/C2H6, which are used as IEC diagnostic criteria from data classified by class.
Step 3: Calculate mean and variance with extracted features and randomly generate data with mean and variance. The number of randomly generated data is selected according to the IEC criteria.
Step 4: New training data is generated by combining the newly generated training data with already acquired training data. Classify defects using newly created data. Table 1 is an IEC based diagnostic criterion for failure cause analysis. According to IEC diagnostic criteria, when CH4/H2 is less than 0.1 and C2H4/C2H6 is less than 0.2, it is classified as PD (Partial Discharge). When classified as PD, C2H2/C2H4 has no meaning to NS (Not Significant). When C2H2/C2H4 is more than 1, CH4/H2 is between 0.1 and 0.5, and C2H4/C2H6 is more than 1, it is classified as D1(Discharge of low energy). D2(Discharge of high energy) is classified when C2H2/C2H4 is 0.6 to 2.5, CH4/H2 is 0.1 to 1, and C2H4/C2H6 is more than 2. If C2H4/C2H6 is less than 1, it is classified as T1(Thermal fault1). When classified as T1, C2H2/C2H4 and CH4/H2 have no meaning to NS. C2H2/C2H4 is less than 0.1, CH4/H2 is more than 1, and C2H4/C2H6 is 1 to 4, T2(Thermal fault2). T3(Thermal fault3) is classified when C2H2/C2H4 is less than 0.2, CH4/H2 is more than 1, and C2H4/C2H6 is more than 4. Figure 3 shows the machine learning based DGA based on data generation. In Figure 3 , Data is generated from the existing training data, and the generated data is combined with the existing acquired data and used as new learning data. The ratio is extracted from new learning data for each defect and used as a feature and learn SVM (Support Vector Machine) which is a machine learning algorithm. By applying the learning SVM to DGA, the classification performance can be gradually increased. The ratio is extracted from the input data, and the extracted ratios are classified through the IEC classifier. When the IEC 60599 diagnostic criteria can not classify the input data, that is, when the condition is satisfied in Figure 3 , the learned SVM classifies the input data. If the condition is not satisfied, that is, if the IEC 60599 diagnostic criteria classifies the input data, classify the input data using only the IEC without the SVM classifier. IEC 60599 diagnostic criteria can not be categorized into the following three conditions. Condition 1: When the boundary condition of the diagnostic criteria Condition 2: When diagnostic area overlap Condition 3: When diagnostic area does not exist
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Experimental Results
In order to verify the superiority of the proposed method, real dissolved gas data were used in this study. Michel Duval's IEC TC 10 database data was used.
[10] The data are 177, consisting of a total of seven gas components: hydrogen(H2), carbon monoxide(CO), acetylene(C2H2), methane(CH4), ethane(C2H6), ethylene(C2H4) and carbon dioxide(CO2). Table 2 shows the confusion matrix of the machine learning-based DGA using only existing Michel Duval data. 2/3 training data for each fault is learned in the SVM classifier and 1/3 input data is classified according to the IEC diagnostic criteria. As a result, D1, D2, T1 and T2 are correctly classified, but data than cannot be judged by IEC diagnostic criteria are not classified. Also, T3 does not exist that is correctly classified. The classification performance of IEC 60599 calculated through the error matrix is 41.0256%. D1  D2  T1  T2  T3  D1  8  12  0  1  0  D2  0  4  0  1  0  T1  1  0  2  0  3  T2  0  0  3  2  0  T3 0 0 0 2 0 Table 3 shows the error matrix of the experiment using the machine learning based DGA. 2/3 of the existing Michel Duval data and newly generated data are used as training data, and the result is the classification of fault using 1/3 data as input data. In the experiment in Table 2 , we can see that the data which cannot be judged by the IEC diagnostic criteria by using more data as training data are classified as D1, D2, T1, T2 and T3 through SVM. The classification performance is 83.5821%, which is better than the classification performance of Table 2   Table 3 . Confusion matrix of machine learning based. D2  T1  T2  T3  D1  11  3  1  0  0  D2  1  16  2  0  0  T1  1  0  28  0  4  T2  0  0  3  36  0  T3  0  2  0  5 21
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Conclusion
In this paper, it is difficult to acquire a large amount of data at one time and it is difficult to measure the performance with existing data. In addition, when analyzing and classifying the dissolved gas data of transformer with the existing IEC 60599 diagnostic criteria, only the data satisfying the IEC 60599 criteria can be classified and the data cannot be classified if the IEC 60599 diagnostic criteria is not satisfied. In order to solve these problems, we proposed a data generation method and proposed a DGA based on machine learning based on new data. The proposed data generation method helped to measure more accurate performance by increasing the number of existing data SVM, which is a machine learning algorithm, was able to improve classification performance by reclassifying data that cannot be classified as IEC diagnostic criteria. In order to verify the DGA of the machine learning based on the data generation, we compare the classification performance by applying the data to the IEC diagnostic criteria method and the proposed SVM method. As a result, classification of fault based on machine learning with new data showed better classification performance compared to the method of classifying fault with existing data of Duval.
